Between 10,000 and 600,000 species of mammal virus are estimated to have the 15 potential to spread in human populations, but the vast majority are currently cir-16 culating in wildlife, largely undescribed and undetected by disease outbreak surveil-17 lance 1,2,3 . In addition, changing climate and land use drive geographic range shifts 18 in wildlife, producing novel species assemblages and opportunities for viral sharing 19 between previously isolated species 4,5 . In some cases, this will inevitably facilitate 20 spillover into humans 6,7 -a possible mechanistic link between global environmental 21 change and emerging zoonotic disease 8 . Here, we map potential hotspots of viral 22 sharing, using a phylogeographic model of the mammal-virus network, and projec-23 tions of geographic range shifts for 3,870 mammal species under climate change and 24 land use scenarios for the year 2070. Shifting mammal species are predicted to ag-25 gregate at high elevations, in biodiversity hotspots, and in areas of high human pop-26 ulation density in Asia and Africa, sharing novel viruses between 3,000 and 13,000 27 times. Counter to expectations, holding warming under 2°C within the century 28 does not reduce new viral sharing, due to greater range expansions-highlighting 29 the need to invest in surveillance even in a low-warming future. Most projected vi-30 ral sharing is driven by diverse hyperreservoirs (rodents and bats) and large-bodied 31 predators (carnivores). Because of their unique dispersal capacity, bats account for 32 the majority of novel viral sharing, and are likely to share viruses along evolutionary 33 pathways that could facilitate future emergence in humans. Our findings highlight 34 the urgent need to pair viral surveillance and discovery efforts with biodiversity 35 surveys tracking range shifts, especially in tropical countries that harbor the most 36 emerging zoonoses. 37 2 Main Text 38
In this study, we develop global maps for terrestrial mammals that model their eco-245 logical niche as a function of climate and habitat use. We project these into paired 246 climate-land use futures for 2070, with dispersal limitations set by biological constraints 247 for each species. We predict the probability of viral sharing among species pairs us-248 ing a model of the mammalian viral sharing network that is trained on phylogenetic 249 relatedness and current geographic range overlaps. With that model, we map the pro-250 jected hotspots of new viral sharing in different futures. All analysis code is available at 251 github.com/cjcarlson/iceberg. 252 Mapping species distributions 253 We developed species distribution models for a total of 3,870 species in this study, divided 254 into two modeling pipelines based on data availability (ED Figures 8, 9) . 255 Data Collection 256 We scraped the Global Biodiversity Informatics Facility (GBIF) for mammal occurrence 257 records, and developed species distribution models for all 3,870 species with at least 3 258 unique terrestrial presence records on a 25 km by 25 km grid (one unique point per grid 259 cell). This grain was chosen based on the availability of future land use projections (see with 20,000 background points fit with the R package glmnet 74,75,74 . The spatial do-266 main of predictions was chosen based on the continent(s) where a species occurred in 267 their IUCN range map. We trained species distribution models on current climate data 268 using the WorldClim 2 data set 76 , using mean annual temperature, mean diurnal temper-269 ature range, annual precipitation, precipitation seasonality, and precipitation in warmest 270 quarter/ (precipitation in warmest quarter + precipitation in coldest quarter). These 271 predictors were chosen based on having global correlations <0.7 among one another.
272
These candidate predictors were further filtered on a species-by-species basis, retaining 273 the maximum number of predictors with correlation <0.7 within the domain where the For an additional 783 rare species (3 to 9 unique points on the 25 km grid), we produced 291 species distribution models with a simpler range bagging algorithm, a stochastic hull-292 based method that can estimate climate niches from an ensemble of underfit models 78,79 , 293 and is therefore well suited for smaller datasets. From the full collection of presence 294 observations and environmental variables range-bagging proceeds by randomly sampling 295 a subset of presences (proportion p) and a subset of environmental variables (d). From 296 these, a convex hull around the subset of points is generated in environmental space. The 297 hull is then projected onto the landscape with a location considered part of the species 298 range if its environmental conditions fall within the estimate hull. The subsampling is 299 replicated N times, generating N 'votes' for each cell on the landscape. One can then 300 choose a threshold for the number of votes required to consider the cell as part of the 301 species' range to generate the binary map used in our downstream analyses. Based on 302 general guidelines in 78 we chose p = 0.33, d = 2, and N = 100. We then chose the voting 303 threshold to be 0.165 (=0.33/2) because this implies that the cell is part of the range 304 at least half the time for each subsample. Upon visual inspection, this generally lead to 305 predictions that were very conservative about inferring that unsampled locations were 306 part of a species distribution. The same environmental predictors and ecoregion-based 307 domain selection rules were used for range bagging models as were used for the point 308 process models discussed above. This hull-based approach is particularly valuable for 309 poorly sampled species which may suffer from sampling bias because bias within niche 310 limits has little effect on range estimates.
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(see main text) could provide an empirical reference point to fit a new allometric scaling 416 curve (after standardizing those results for the studies' many different methodologies).
417
A different set of functional traits likely govern the scaling of bat dispersal, chiefly the 418 aspect ratio (length:width) of wings, which is a strong predictor of population genetic 419 differentiation 46 . Migratory status would also be important to include as a predictor 420 although here, we exclude information on long-distance migration for all species (due to 421 a lack of any real framework for adding that information to species distribution models 422 in the literature). . Using a linear model, we show that elevation (C), species richness (D), and land use (E) together explain 57.7% of deviance in new overlaps for bats, and 25.8% for non-bats. Slopes for the elevation effect were generally steeply positive: a log 10 -increase in elevation was associated with between a 0.4-1.41 log 10 -increase in first encounters.
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A. B. Extended Data Figure 6 : Order-level heterogeneity in first encounters. Dispersal stratifies the number of first encounters (RCP 2.6 with all range filters), where some orders have more than expected at random, based on the mean number of first encounters and order size (line).
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Extended Data Figure 7 : Projected viral sharing from suspected Ebola reservoirs is dominated by bats. Node size is proportional to (left) the number of suspected Ebola host species in each order, which connect to (middle) first encounters with potentially naive host species; and (right) the number of projected viral sharing events in each receiving group. (Node size denotes proportions out of 100% within each column total.) While Ebola hosts will encounter a much wider taxonomic range of mammal groups than current reservoirs, the vast majority of viral sharing will occur disproportionately in bats. 
